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Abstract
Bike share usage patterns and its impact on people’s travel behavior have been widely
studied in recent years. In the past, researchers have focused on understanding spatial and
temporal patterns of bike share usage, differences of bike share usage among different
demographic and socio-economic groups and factors influencing bike share ridership.
However, since the outbreak of COVID-19 in 2020, people have changed their lifestyles
and travel needs significantly with the start of working from home, reducing recreational
activities and avoiding taking public transit. Therefore, this research looks into the
change of bike share usage before and after the COVID-19 outbreak, using Philadelphia
Indego bike share as a study context. This study adopted a multilevel mixed-effect linear
regression model that incorporates demographic, built environment, meteorological and
temporal factors to compare the effects of these factors before and after the COVID-19
outbreak in determining bike share ridership. Three key results were found in this study:
1) trip purpose and spatial distribution have shifted from commuting to residential
recreational trips, 2) bike share gained more popularity during warm weather, and 3) bike
friendly infrastructure became more important than before in determining bike share
ridership. Findings of this study are useful to bike share providers, urban planners, and
local officials for understanding the differences in recreational biking and utilitarian
biking and how bike share programs can better address the needs of residents during the
pandemic and in a post-pandemic world.
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1 Introduction
The COVID-19 outbreak hit the world in December 2019 and has impacted
almost every aspect of people’s lives since then. This unprecedented global pandemic led
to dramatic loss of human life as well as economic and social disruptions (Bartik,
Bertrand, Cullen, et al. 2020; Brinca, Duarte, and Faria-e-Castro 2020; Gupta, Simon,
and Wing 2020). Seventeen months since the initial outbreak, there have been over 156
million accumulated cases worldwide and over 3 million deaths (Johns Hopkins
University Coronavirus Resource Center, 2021). In the US, over 32 million people have
tested positive and over 580,000 people have lost their lives from the virus (Johns
Hopkins University Coronavirus Resource Center, 2021). Lockdown measures,
unemployment and business closure led to a huge shock to people’s everyday routine
including working, traveling, buying groceries and education. Among all of these
activities, not being able to get to desired places as conveniently as before was one of the
burdens this pandemic brought to our lives, so this study investigates one aspect of how
people travel, with a focus on bike share usage changes before and after the outbreak of
COVID-19.
The pandemic and the associated social distancing measures have been greatly
impacting transportation around the world since the outbreak of the pandemic. In the US,
vehicle miles traveled index dropped by more than 60 percent in April 2020 compared to
the baseline of February 2020 (Bureau of Transportation, 2021). Household travel
declined by 72 percent during the first week of April, compared to the first week of
March 2020 (Padmanabhan et al., 2021). With stay-at-home orders and fear of staying in
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confined spaces, mass transit ridership declined dramatically. The primary transportation
mode between cities and countries – air flights – have experienced the most hard-hit
ridership decline and service cut, impacting the world’s economy significantly. In May,
half of all the industry’s planes were parked in airports or desert airstrips (Chokshi,
2020). In the week of May 18th 2020, airline capacity in Europe was down by over 84
percent compared to the same day in 2019 (CAPA, 2021). US passenger airlines incurred
losses of 46 billion dollars in 2020, which is equivalent to a fall of 62.5 percent of
revenues compared to 2019 (Airlines for America, 2021). Similarly, mass urban transit
including buses, subways and trains experienced tremendous decrease in ridership and
service as well. North American cities’ transit ridership dropped by 90 percent by the end
of March 2020, resulting in less revenue from fares (DeWeese, 2020). Philadelphia’s
SEPTA projected an over $300 million loss in revenue through mid-2021; Maryland is
expecting a $550 million shortfall in 2021; Los Angeles Metro is preparing for $1.8
billion in pandemic-related revenue losses (Garza, 2020). Two online surveys in South
Korea revealed that 74.5 percent and 88.7 percent of 1,000 respondents will not use
public transit during the COVID-19 pandemic (Park, 2020). In a research study in
Guangzhou, China, 34% of people who used public transit systems continued to use
public transportation during the pandemic, while 40% of people switched to use private
cars, taxis, walking and cycling because they were worried about the risk of getting
infected (ITDP, 2020).
In contrast to the tremendous reduction in the use of various modes of
transportation due to concerns of public health risks, cycling appears to be a much more
popular choice of traveling during the pandemic, and bike share systems have been
2

shown to be more resilient than other public transportation modes. Studies and news
articles indicate that cycling has increased after the outbreak of COVID-19 (TREK, 2020;
Sui and Prapavessis, 2020). Although there has been a decrease in bike ridership using
bike share programs, the decrease is identified to be less severe than that of buses and
trains (Kanik, 2020). For example, research shows that New York City's Citibike
experienced a 70 percent bike ridership drop during the first few weeks of the pandemic
outbreak compared to a 90 percent drop in transit ridership (Teixeira & Lopes, 2020).
The study also found that the average duration of Citibike travels significantly increased
during the pandemic. Surveys about bike usage in Sydney, Australia, revealed an increase
in the willingness of biking for both hygiene and recreational reasons (Lock, 2020).
Another study focusing on Budapest, Hungary, found that there is a positive trend in
popularity of cycling as the share of trips by public transit drops (Bucsky, 2020). These
recently published studies quantify the resilient nature of biking and bike share systems
and their potential to attract more users than all other public transportation modes during
the pandemic.
Amidst all the devastating effects of the COVID-19 pandemic, the growing
popularity of active transportation can bring some hope for urban planners to reimagine a
future of cities where attention to public health, sustainability and resiliency to disruptive
events can be better incorporated into urban design and urban mobility. Therefore, in this
research, I hope to better understand the change of how people use bike share facilities
before and after the COVID-19 outbreak so that people’s changing travel needs can be
better understood. Philadelphia is chosen as the case study for this research because the
city has its own extensive bike share program, Indego, that covers not only its central
3

business area but also nearby recreational areas and neighborhoods. The city of
Philadelphia launched Indego in 2015 with over 1,000 self-service bikes and over 130
stations (Indego, 2021). Unlike cities such as New York City, Washington D.C. and Los
Angeles where several bike, e-bike, moped and scooter share companies compete for
users, Indego is the only shared micro-mobility operator in the city. Therefore, Indego
bike share system along its publicly accessible trip data provide us a perfect context for
understanding people’s bike share usage patterns.
The methodology of this study involves two parts: spatial temporal trend analysis
and multilevel mixed-effect linear regression modeling. This study first visualizes
patterns of change in bike share usage, including trip number change throughout a day,
duration of trips and start and end stations. Then, the study adopts a multilevel mixedeffect model to evaluate whether the key determinants of bike share ridership have
changed before and after the COVID-19 outbreak. Multilevel mixed-effect models are
used to analyze the effects of a mix of static and temporally variant predictor variables.
The determinant variables considered in this study include socioeconomic, land use and
meteorological factors, which were selected and built upon previous studies on bike share
ridership. Through incorporating these variables and the interaction terms of these
variables with a COVID-19 dummy variable, the model is able to reveal how different
factors affect bike share ridership differently after the outbreak of COVID-19. These
findings will allow us to understand changes in bike share usage during the pandemic and
provide insights into future development of bike share programs in the upcoming years
during the pandemic and after the pandemic ends.
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This is a crucial time for planners to reimagine the future of urban mobility and
design. As people are adapting to new ways of working, shopping and education, it is
critical for urban planners to think ahead about how different transportation modes can
work together to accommodate people’s changing travel needs. Even before the
pandemic, bike share has been greatly praised as a form of active transportation that
promotes public health, reduces pollution, and motivates development of walkable cities
and green spaces (Ricci, 1015; Zhang and Mi, 2018; Qiu and He, 2018). During the
pandemic, bike share systems reinforced this potential to provide traveling and
recreational experience that is convenient and guarantees a more resilient public
transportation system. Furthermore, changes in bike share usage before and after the
outbreak of COVID-19 provide a good opportunity to reveal and disentangle different
types of trip purposes or riders that will inform future expansion of bike share systems
and cycling infrastructure to accommodate the diverse needs. Therefore, now is a critical
time to understand how people have been using bike share systems before and during the
pandemic, and how we can better accommodate the needs of people to provide public
transportation choice that promotes sustainability, health and resiliency in the long term.
The next section of this thesis reviews past literature on the determinants of
bikeshare ridership, which provides the foundation for the methods of this research. Then
the literature review focuses on studies over the past year investigating the impact of
COVID-19 on transportation and lastly zooms into the literature that have focused on
understanding the impact of COVID-19 on bike share ridership. The methodology section
discusses the study context, the reasons for choosing a multilevel mixed-effect linear
regression model and the data sources used in this study. The findings section goes
5

through the regression model results in detail and discusses the determinants of bike
share ridership before and after the pandemic outbreak. Lastly, the conclusion discusses
lessons and takeaways for planners and bike share operators to facilitate a more resilient
and sustainable mode of transportation in the long term.

2 Literature Review
The literature review for this thesis consists of three parts. The first part is a
general overview of the past studies on determinants of bike share ridership. The second
part focuses on the research on the impact of COVID-19 on travel behavior in general,
and the third part zooms into the past research focusing on the impact of COVID-19 on
bike share.

2.1 Bike share usage pattern and ridership determinants
Studies on bike share have been booming during the past few years as more and
more bike share programs are being set up around the world (Fishman, 2016).
Researchers have been focusing on identifying spatial-temporal patterns of bike share
usage and determinants of bike share ridership using historical trip data and surveys
(Fishman, 2016; El-Assi et al, 2017; Wang et al., 2018; Scott and Ciuro, 2019).
Studies of spatial and temporal patterns of bike share using network analysis in
London, Minneapolis, Boston, Denver, and Washington D.C. found similar trimodal
distribution patterns across cities on weekdays, where two strong peaks of trip numbers
occur during morning and evening rush hours, and a lower peak during lunch hours.
These cities also show a similar pattern of a more normal distribution during the
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weekends (Zaltz et al., 2013; McKenzie, 2019). In terms of spatial patterns, although
there are variations among different cities, a common pattern is that usage is concentrated
at the major activity nodes and commuter stations (Zaltz et al., 2013).
More studies have been focusing on determinants of bike share ridership using
historical trip data and focused on weather, built environment, temporal and demographic
factors. Cycling is particularly vulnerable to weather (Miranda-Moreno and Nosal, 2011).
Temperature factors have been identified as a major effect on bike share usage (Corcoran
et al. 2014; El-Assi et al., 2015; An et al., 2019). Although both high and low
temperatures are not ideal for cycling, research shows that lower temperature has more
negative effects on bike share usage (El-Assi et al, 2017). Studies also show that wind
and rainfall have a negative impact on bike share trip generation (Corcoran et al., 2014).
Case studies on Washington DC, New York, Toronto, Montreal and Hamilton, Ontario
using negative binomial models and mixed effect models confirmed that bike trips are
positively correlated with warm and dry weather (Faghih-Imani et al., 2014; El-Assi et al,
2017; An et al., 2019; Scott and Ciuro, 2019; McKenzie, 2019).
Built environment variables considered in past research include bicycle lanes,
proximity to services and residential density. Case studies in Washington DC and
Montreal found a significant positive correlation between the presence of bicycle lanes
and bike share usage (Buck and Buehler, 2012, Faghih-Imani et al., 2014). Studies on
various regions also show a positive correlation between proximity to retail stores,
hospitals, schools, public transit stations and employment centers (Kaltenbrunner et al.,
2010; Scott and Ciuro, 2019). Higher residential densities are also identified as a positive
factor on the likelihood of bike share usage (Fuller et al., 2013).
7

Temporal factors, including calendar events, public holidays and weekends, have
been identified as factors influencing bike share ridership (Borgnat et al., 2011; Corcoran
et al., 2014). A case study in Washington DC shows the Cherry Blossom Festival has a
positive correlation with bike share usage. These holiday periods not only represent
tourist influx but also reflect changes in the routine activities of local residents, which can
both encourage bike share ridership. Case studies in London and Washington DC also
shows that interruptive events such as transit strike and transit closure have positive
impacts on bike share usage (Fuller et al., 2012; Younes et al., 2019).
Demographic and socioeconomic factors on bike share usage are studied mainly
through surveys. Researchers found that bike share members in Minneapolis, Montreal,
Denver, and Washington DC all differ from the general population of the city, with
higher employment rates and education levels, lower average age, and higher likelihood
of being male (Shaheen et al., 2012; LDA Consulting, 2012; Ogilvie & Goodman, 2012;
Fishman, 2016). A recent study on New York bike share users also found that land use
and weather factors correlated with bike share usage differently among different age
groups (Wang et al., 2018).
Past research on determinants of bike share usage serve as a foundation for
understanding bike share usage change before and after the COVID-19 outbreak. My
research will adopt popular modeling methods and variables from these previous studies
and situate the model both before and after the pandemic outbreak. Through
understanding the changes of determinants of bike share ridership, this study would be
able to add new insights on not only the different effects of determinants on bike share
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ridership during a pandemic, but also the differences in trip purposes and characteristics
revealed under the context of a pandemic into the existing body of literature.

2.2 Impact of COVID-19 on travel behavior
Since the COVID-19 outbreak, there has been a growing number of studies
focusing on understanding the impact of the pandemic on the transportation sector and
people’s travel behaviors (Haas et al., 2020). The pandemic along with the associated
social distancing measures have affected daily travel patterns, including the number,
types and duration of trips (De Vos, 2020). Studies from various regions around the
world show that both long distance travel and short daily trips to stores, workplaces and
restaurants were decreased and suspended in 2020 (Wilson, 2020; de Haas et al., 2020;
Parady et al., 2020; Shamshiripour et al., 2020).
When looking into daily short trips, researchers have focused on differentiating
the impact of the pandemic on different travel modes including private car, rail, bus and
bicycle. Research from Australia show that private vehicle trips reduced most
significantly among all travel modes at the beginning of the pandemic, but have
rebounded fast since easing the restrictions (Beck and Hensher, 2020A; Beck and
Hensher, 2020B). Research from Sweden shows that the highest decrease belongs to
public transport, where ridership declined most seriously for rail services. They also
found that there has been a shift from public transport to private cars and to some extent
to bicycles (Jenelius and Cebecauer, 2020). A case study on Budapest, Hungary shows
modal share of public transport decreased dramatically while car usage share and bicycle
usage share increased (Bucsky, 2020). Similar to the increasing trend for cycling in
9

Budapest, studies on regions including New York, Australia, Bogota, Columbia have also
shown an increase in cycling as people try to minimize their exposure to coronavirus
(Teixeira and Lopes, 2020; Beck and Hensher, 2020; Nurse and Dunning, 2020).
However, a case study on Istanbul did not show a similar increase in cycling (Shakibael,
2021). The major factors behind this are identified to be limitations on the city's biking
infrastructure and humid and rainy weather (Shakibael, 2021).
From these past studies, we see a variation in the changes in travel behaviors
across the world since the outbreak of the pandemic due to social, economic and
environmental factors. Therefore, increasing the variety of regions for research will help
us better understand the different and similar impacts of COVID-19 on travel behavior
across the world. This study expands this body of literature by adding a case context in
Philadelphia that will not only serve as a foundation for policy recommendations within
the study area but also in cities similar to the study area.

2.3 Impact of COVID-19 on Bike Share
Although there is a growing amount of research focusing on the impact of
COVID-19 on general travel behavior, there is a limited number of studies investigating
how the pandemic has impacted bike share services. One research focusing on the effects
on shared-biking in New York, Boston, and Chicago, looked into the relationship
between COVID-19 cases and bike share trips between October 2019 to May 2020 and
concluded that COVID-19 cases were negatively correlated with the number of bike
share trips (Padmanabhan, 2021). The author also points out variations across cities, for
example NYC bike share trips rebounded the fastest after the first peak of COVID-19
10

cases compared to Boston and Chicago (Padmanabhan, 2021). Another study looked into
the relationship between bike sharing and subway use during the COVID-19 pandemic in
New York City and concluded that the COVID-19 impacts were less severe on the bike
share system than on the subway and that there is evidence that a possible model transfer
from the subway to the bike share has been found (Teixeira and Lopes, 2020). Last but
not least, a recent study investigated the changes in bike share usage in the Borough of
Brooklyn in New York City due to the COVID-19 pandemic (Wang and Noland, 2021).
The researchers utilized data visualization to show shifts in user types, time of day and
spatial patterns of trips from 2019 to 2020. They conclude that COVID-19 has led to
longer trips and more recreational trips with fewer work-related trips (Wang and Noland,
2021).
Therefore, from previous studies, we can see the significant effect of COVID-19
and its social distancing measures on travel behavior and bike share usage. Although
research and reports point out the general decreasing trend of cycling and bike share
usage and the growing share of trips by bike share, there is limited literature looking into
the details of how the usage of bike share patterns changed during the past year. The
research on bike share trips in the Borough of Brooklyn in New York City laid a great
foundation for future bike share research under the context of COVID-19, but did not
look into the determinants of bike share usage.
Past research shows bike share ridership determinants and usage patterns vary
across cities due to geography, weather and land use (Scott and Ciuro, 2019). More
recent research on the impact of COVID-19 on travel behaviors also show variation
across different regions (Teixeira and Lopes, 2020; Beck and Hensher, 2020; Nurse and
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Dunning, 2020; Shakibael, 2021). Therefore, this study on Philadelphia Indego bike share
will not only bridge the gap for a lack of detailed study into changes of determinants of
bike share usage before and after COVID-19 but also increase the variety of cities being
studied and documented.

3 Methodology

3.1 Study Context
Case studies that zoom into specific geographies have been a popular method for
research on bike share systems. Past studies have focused on bike share systems around
the world including New York, Washington D.C., Chicago, Montréal and Paris
(Padmanabhan et al., 2021; McKenzie, 2019; Randriamanamihaga et al., 2014). In this
thesis, I adopt a case study of the Indego Bike Share in Philadelphia. Indego is an
initiative of the City of Philadelphia, managed by the Office of Transportation &
Infrastructure Systems, operated by Bicycle Transit Systems. Philadelphia is chosen as
the case study because Philadelphia’s Indego Bike Share has an extensive and fastgrowing coverage in the city (Figure 1). The City of Philadelphia launched Indego in
2015 and expanded from 60 stations and 600 bicycles to over 140 stations and 1400
bicycles in five years (Indego, 2020). Indego is also recognised as a national leader in the
field of bike share equity and community engagement. Serving the city of Philadelphia,
where the poverty rate is the highest among the 10 largest cities in the US, Indego bike
share has paid special attention to provide services for low income and minority residents
(Goffman, 2018). Their work including low-income bike passes, cash payment options,
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and community outreach on bike safety lessons, has laid the foundation of equity-focused
strategies that are being replicated across the country (Freudburg, 2021). More
importantly, Indego bike share is the only micro-mobility public transportation in
Philadelphia. This is not the case in other cities with bike share such as New York, which
also has electric scooters and electric mopeds, or Washington D.C., which also offers
dockless bike share and electric scooters operated by different companies (McKenzie,
2019). The presence of a single micro-mobility operator in Philadelphia allows for more
comprehensive and focused analysis of the impact of COVID-19 on citywide bike share
usage.
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Figure 1: Philadelphia Indego station current service area and 2021 expansion zone. In
2021, Indego plans to install approximately 30 new stations. The initial plan for the focus for
system growth in 2021 is expanding Indego’s service in West and parts of South Philadelphia
while also adding more stations to the existing service area (shown in blue). Community inputs
and recommendations for expansion sites are encouraged through submitting feedback forms
through Indego’s official websites. Source: https://www.rideindego.com/blog/indego-isexpanding/
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To better understand the study context of bike share systems, past studies
visualized mobility patterns of bike share trips both temporally and spatially (McKenzie,
2019; Scott and Ciuro, 2019; Randriamanamihaga et al., 2014). To present temporal
patterns, past researchers utilized bar charts and line charts to show trip numbers
aggregated in different temporal scales, including hour, day, week and month (McKenzie,
2019; Scott and Ciuro, 2019). In the next subsections, I aggregate the number of trips by
hour to show variation throughout a day and aggregate the number of trips by month to
show variation by seasonality. To present spatial patterns, past researchers have adopted
maps to show trips start and end at each station or at each traffic analysis zone
(McKenzie, 2019; Scott and Ciuro, 2019). In this research, I present spatial patterns by
station because the bike stations in Philadelphia are dispersed enough to show each one
individually on a map. Furthermore, using the most granular unit instead of aggregating
the trips in larger zonal areas not only guarantees precision but also makes it easier for
interpretation.

3.1.1 Increased popularity in warmer weather
From 2019 to 2020, the total Indego bike share trips did not follow the increasing
trend from 2018 to 2019, but did not experience a huge decrease either after the outbreak
of COVID-19. The total number of trips in 2019 was around 774,000 and the total
number of trips in 2020 was around 735,000, which was only a 1.2% decrease. Figure 2
shows the number of trips by months in 2018, 2019 and 2020. We can see a significant
drop in the number of trips in April 2020 after the initial implementation of staying at
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home order, but the ridership rebounded rapidly in May, June and July, which also
surpassed the all historic ridership in the same months.

Figure 2: Philadelphia Indego bike share trip number by month in 2018, 2019 and 2020.

In addition, when we zoom into the number of trips on a daily basis grouped by
the hour of a day, we also see the trend of increased trips during the warmer hours of
early afternoon and a decrease in morning peak hours (Figure 3). In 2018 and 2019, we
see a clear morning peak from 7:00 am to 9:00 am. However, in 2020, we do not see a
morning peak pattern around the period. In addition, we see that compared to previous
years, the number of bike share trips during 1:00pm and 3:00 pm increased in 2020.
These changes reflect that bike share is more popular among warm months and warm
hours, which aligns with the hypothesis that people are starting to use bike share for
recreational activities than for daily commutes.
16

Figure 3: Philadelphia Indego bike share trip count by hour in 2018, 2019 and 2020.

3.1.2 Increase in trip duration
The second trend for bike share usage after the outbreak of COVID-19 is an
increase in trip duration. Figure 4 shows that trip duration in 2020 April to 2020 August
was much longer than the same period of 2019 and 2018. The average trip duration raised
from around 23 minutes in 2019 to 28 minutes in 2020. More specifically, almost a
quarter of the trips in April to June 2020 had duration around and above 40 minutes.
Since recreational activities usually take longer than reaching a specific destination using
bike share, this pattern of an increase in trip duration again aligns with the hypothesis that
people are shifting from commuting to recreational biking.
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Figure 4: Philadelphia Indego bike share trip duration in 2018, 2019 and 2020

3.1.3 Shift in spatial pattern of start and end stations
Spatial patterns of start station and end station show a shift from a clear
commuting usage before the outbreak of COVID-19 to a more dispersed bike share usage
spatial pattern after the outbreak. Figure 5 shows the trips number at each start station and
end station during morning peak hours in 2019 (top) and 2020 (bottom). There is a clear
pattern of using Indego bike share to commute from around the city into the city central
business district area in 2019. However, in 2020, not only the overall trip number during
morning peak hours decreased, the pattern of an influx of trips into the central business
district is also not as apparent.
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Figure 5 Philadelphia Indego bike share trip start station and end station in 2019 and 2020

Similarly, figure 6 shows the trip number at each start and end station during
evening peak hours in 2019 and 2020. There is a concentration of trips starting in the
central business district area in 2019. However, the concentration is less apparent in
2020.
19

Figure 6 Philadelphia Indego bike share trip start station and end station in 2019 and 2020

After the outbreak of COVID-19 and after the stay at home order was
implemented in Philadelphia in March 2020, the number of commuters decreased, but the
amount of bike share usage even grew in May to July. The number of trips, trip duration
and spatial patterns of trips together led to a hypothesis that people are using bike share
20

more for purposes other than commuting, such as recreation and running errands. To test
out this hypothesis, I adopt a mixed-effect model in the next section to further investigate
the determinants of ridership before and after the COVID-19 outbreak.
Visualizing the Indego Trip Data in multiple perspectives reveals three major
trends in the change of Indego bike share usage before and after the COVID-19 outbreak:
1) Increase in popularity in warmer weather
2) Increase in trip duration
3) Shift from commuter centric bike share usage to residential usage
These three trends help me to form a hypothesis in change of trip purpose from jobrelated trips to recreational trips and provide a foundation for the regression model in this
research to investigate the changes in the determinants of bike share ridership before and
after the outbreak of COVID-19.

3.2 Multilevel Linear Mixed-Effect Model Analysis
To identify the key factors that impact bike share ridership before and after the
outbreak of COVID-19, I construct a multilevel mixed-effect regression model using
historic trip data released on Indego bike share’s official website. A Multilevel mixedeffect regression model provides us the flexibility to incorporate variables that vary by
day, such as temperature and precipitation, and variables that do not vary by day, such as
population density, in a regression model.
Multilevel models have been widely adopted in past research on bike share
ridership (Hampshire, 2012; El-Assi, 2017). These models are specifically used when
there is non-independence in the data that arises from a hierarchical structure (UCLA
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Institute for Digital Research and Education). As shown in Figure 7, bike share ridership
data has an inherent hierarchical structure that all trips start and end at one of the 151
bike stations every day. In order to capture the clustering of trips and differences across
different stations, a random intercept multilevel model with a grouping by station is
adopted in this study.

Figure 7 Data level structure

Using a random intercept multilevel model means that we are separating each
cluster and fitting a regression on each with a different model intercept. Figure 8 shows a
comparison between a single level regression model and a multilevel model. The black
line indicates a single level regression fitted according to all the data points and the
colored lines represent the model with different intercepts for each group. Each random
intercept model is paralleled to each other and the single level regression line, because we
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are assuming the same relationship between the predictors and the dependent variable for
each group but giving them flexibility on having different intercepts (University of
Bristol, Center for Multilevel modeling).

Figure 8 Random Intercept Model and Linear Regression Model

Mathematically, a random intercept multilevel model is written in the form of:
𝑦𝑖 = 𝛼𝑗[𝑖] + 𝛽𝑥𝑖 + 𝜀𝑖 , 𝑖 = 1, . . . , 𝑁, 𝑗 = 1, . . . , 𝐽
𝛼𝑗 = 𝑏𝑢𝑗 + 𝜂𝑗 , 𝑗 = 1, . . . , 𝐽

where yi represents the observed value for the dependent variable, where i ranges from 1
to N, the total number of observations, and thus the vector has a size of 1 × n (El-Assis,
2017). In this research, yi represents the observed number of trips starting and ending at
each station on each day. xi represents the independent variables with vector size of q × 1
for observation i, where q is the number of predictors in the model. In this study, the
initial model consists of 21 variables and the final model consists of 17 variables
including the ones shown in Table 1 and Table 2 and some interaction terms between an
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indicator of COVID and these variables. β represents the coefficients of the model which
has a matrix size of 𝑛 × 𝑞. εi and ηj represent the random error terms of the two
corresponding regression equations. ɑj represents a vector of varying coefficients with uj
representing predictors at the station group level. b represents the coefficients of the
second level with size of n × p. uj predictor is constant for all observations within a group
while varying between the different group categories (El-Assi, 2017). In this study, the
groups represent each bike share station (e.g. station ID = 3004, station ID = 3005...).
Multiple indices here are for denoting individual components of a vector. For example, aji
denotes the ith observation (i.e. the number of trips on a day) for the jth group (i.e. station
ID) (El-Assis, 2017).
Table 1: Descriptive Analysis of Variables in the Trip Generation Model
Variable

Min

Median

Max

# of trips at a station for 1
a day

12

320

Temperature (°F)

11.60

59.10

91.00

Precipitation (mm)

0.00

0.00

3.96

Wind Speed (km/h)

3.90

12.30

32.20

Month

Count

Low (<60°F): 50674
Medium: 37181
High (>80°F): 9097

1: 7775
2: 7177
3: 7891
4: 7814
5: 8238
6: 8072
7: 8388
8: 8419
9: 8280
10: 8614
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11: 8253
12: 8049
Population
Density (# per Acre)

0.0

395.0

4577.1

Job
Density (# per Acre)

17.82

386.55

8274.86

% Black Population

3.52

13.14

97.11

% Income less than 10k 1.66

9.07

36.89

% Age 15 to 54

44.99

66.89

95.33

% No Vehicle

7.41

42.75

75.42

% Graduate Degree

0.86

24.04

41.26

1.27

4.39

Distance to CBD (Mile) 0.069
Near Park1
Bike Network Length
(ft)

1: 7464
0: 89488
0

3532

7570

Note:
1. Near Park is a dummy variable indicating whether there is a park within the 200 ft buffer
around a bike share station. The dummy variable gets 1 if there is a park in the buffer and 0
otherwise. Parks considered for this variables includes the Schuylkill River Trail, the Fairmount
Park, the Delaware River Trail.
2. Data description for the trip attraction model is similar to the trip generation model and can be
found in Appendix 1.

In order to compare how factors changed before and after the outbreak of
COVID-19, we included interaction terms of different factors with a dummy variable
indicating whether the date is identified as after the pandemic outbreak. More
specifically, from January 1 2019 to March 23 2020, this dummy variable gets 0 and
from March 24 2020 to December 31 2020, the dummy variable gets 1. March 23 2020 is
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selected as the boundary because this date is when the city of Philadelphia issued the stay
at home order (City of Philadelphia, 2020).
In this study, the coefficient of an interaction term measures the marginal effect of
the factor after the outbreak of COVID-19 compared to before the outbreak of the
pandemic (econometrics-with-r.org). We included interaction terms of both continuous
variables as well as categorical variables. More specifically, for interaction terms
between the COVID dummy variable and a continuous variable (e.g. population density,
distance to CBD), the coefficient shows the expected difference in the effect of an
additional unit of increase in the variable after the COVID-19 outbreak compared to
before the outbreak. For interaction terms with a categorical variable (e.g. temperature
category, park access), the coefficients measure the difference of the difference between
included levels and the base level before and after the COVID-19 outbreak. Below is an
example for understanding the coefficient estimates of an interaction term.
𝑏𝑖𝑘𝑒 𝑠ℎ𝑎𝑟𝑒 𝑟𝑖𝑑𝑒𝑟𝑠ℎ𝑖𝑝 ∼ 𝑏1 × 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 +. ..
+ 𝑏2 × (𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 × 𝐶𝑂𝑉𝐼𝐷)
In this equation, 𝑏1 shows the relationship between population density and bike share
ridership before the outbreak of COVID-19. If all other variables stay constant, one unit
increase in population density will lead to 𝑏1 increase in bike share ridership before the
outbreak of COVID-19. 𝑏2 shows the marginal effect of population density on bike share
ridership after the outbreak of COVID-19. If all other variables stay constant, one unit
increase in population density will lead to (b1 + b2 ) increase in bike share ridership after
the outbreak of COVID-19.
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3.3 Data Source
The foundational data for this study is the historical bike share trip data. The data
comes from the official website of Indego bike share, which releases quarterly. The
datasets contain information about trip start time, trip end time, start station, end station,
passholder type and bike type. In this study, I use trip data from January 2018 to
December 2020 for spatial-temporal pattern analysis in the study context section and data
from January 2019 to December 2020 for multilevel mixed-effect modeling analysis.
Other datasets are used for obtaining independent variables for the multilevel
mixed-effect regression model. Meteorological variables including average temperature,
wind speed and precipitation were obtained from Visual Crossing using the Weather Data
API. Land-use variables including proximity to parks and green spaces, distance to the
central business district and accessibility to bike networks were first obtained from
OpenDataPhilly then processed in ArcMap. Demographic data including population
density, job density, population by age groups, race, income and vehicle ownership were
obtained first from the 2019 five-year American Community Survey and process
processed in ArcMap. More specifically, I constructed a 500-meter buffer around each
station and calculated the weighted average of these variables from different census tracts
by area falling into the buffer.

4 Research Findings
I constructed multilevel mixed-effect regression models for both trip generation
and trip attraction. In the trip generation model, I used the total number of trips started
from a station as the dependent variable and for the trip attraction model, I used the total
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number of trips ended at a station as the dependent variable. The regression modeling
was conducted in R using the mle4 package. I started with a full model using all the
variables that I mentioned in the methodology section. Some variables, such as race
composition, age composition and educational attainment, were eliminated from the
model because they did not show a significant relationship with bike share ridership. The
final trip generation model regression result is shown in Table 2. The full model results
can be found in Appendix 2 and the final trip attraction model regression result is shown
in Appendix 3.
Table 2: Multilevel Mixed-Effect Regression Model Results
Trip Generation Model
Variable

Variable * COVID
Estimate

t-value

Estimate

t-value

Intercept

17.070

1.986

***

-

During Covid

-4.835

0.221

***

-

High

-0.911

0.165

***

1.150

0.209

***

Low

-3.781

0.127

***

-1.109

0.136

***

Precipitation

-4.757

0.081

***

-

Wind Speed

-0.034

0.007

***

-

February

0.205

0.145

March

1.243

0.142

***

-

April

2.913

0.157

***

-

May

6.122

0.167

***

-

Temperature

Month

28

-

June

9.957

0.185

***

-

July

9.881

0.197

***

-

August

10.699

0.187

***

-

September

10.764

0.182

***

-

October

8.318

0.158

***

-

November

5.322

0.148

***

-

December

0.134

0.149

-

Population density

0.182

2.274

3.238

0.239

***

Job density

4.846

2.279

**

-2.064

0.267

***

Distance to CBD

-3.561

0.489

***

0.661

0.052

***

Near park

3.758

2.141

*

6.881

0.226

***

Bike lane length

0.774

0.334

***

0.465

0.035

***

Observations

95,952

Log Likelihood

-349,263.500

Akaike Inf. Crit.

698,588.900

Bayesian Inf. Crit.

698,882.900

Note: *p<0.1; **p<0.5; ***p<0.01

As discussed in the methodology section, the estimated coefficients of the
independent variables show us the correlation between each factor and bike share
ridership. The estimated coefficients of the interaction terms between these variables and
the COVID-19 dummy variable show the marginal effect of these variables after the
outbreak of COVID-19. The interpretation of the estimated coefficients in the trip
generation model will be discussed in detail in the next three sections. The trip attraction
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model shows the same result. The estimated coefficients from the model further
confirmed our hypothesis that there is a shift in trip purpose from utilitarian biking to
recreational biking after the outbreak of COVID-19.

4.1 Urban Density Variables
From both the trip generation model and the trip attraction model, we conclude
that, after the outbreak of the pandemic, Indego bike share usage shifted from clustering
in employment-dense areas to residential dense areas. From Table 2, we see that job
density has an estimated coefficient of 4.846, which means that before the outbreak of
COVID-19, while all other variables stay constant, a unit increase in job density will lead
to 4.846 more bike share trips. The estimated coefficient of the interaction term between
job density and the COVID dummy variable is -2.064. This means that after the outbreak
of COVID-19, while all other variables stay constant, one unit increase in job density will
only lead to a 2.782 increase in bike share ridership. The negative coefficient of the
interaction term indicates that after the COVID-19 outbreak, the positive effect of being
in a job dense area on bike share ridership decreased. On the other hand, we see a
significant increase in population density’s positive effect on ridership. Although before
COVID, population density was not significantly correlated with bike share ridership,
after the COVID-19 outbreak, population density became a positive factor in increasing
bike share ridership, with a coefficient estimate of 3.238. The negative sign of the
interaction term between job density and the COVID-19 dummy variable and the positive
sign of the interaction term between population density and the COVID-19 dummy
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variable shows a trend of bike share shifting from commuting activities to residential
activities.
The coefficient of the distance to the central business area (CBD) factor tells a
similar story. The negative coefficient of the distance to CBD variable shows that before
the pandemic, the shorter the distance to CBD, the higher the ridership. However, the
positive coefficient of the interaction variable has a positive coefficient, which indicates
that the negative effect of distance to CBD decreased significantly after the COVID-19
outbreak. The marginal change of the effect of the distance to CBD variable aligns with
the interpretation of the population density and job density indicators and these variables
together show the change from a commuting focused bike share usage to a more
residential focused bike share usage.

4.2 Built Environment Factors
The quality of the built environment also shows an increased importance in
positively effecting bike share ridership. The positive estimated coefficient of bike lane
length in bike share stations’ buffer area indicates that having better biking infrastructure
increases bike share ridership. Furthermore, The positive coefficient of the interaction
term of bike lane length and the COVID-19 dummy variable shows that biking
infrastructure became even more positively correlated with bike share ridership during
the pandemic. After the outbreak of COVID-19, one unit increase in bike lane length will
lead to 0.465 more trips per day compared to before the pandemic. Similarly, being close
to bike trails and parks have a similar effect on ridership. Before the outbreak of COVID19, while all other variables staying constant, a bike share station near a park or bike trail
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will have 3.758 more trips compared to those that are not close to a park or bike trail.
After the outbreak of COVID-19, a bike share station near a park or bike trail will have
around 10.639 more daily trips compared to those that are not close to a park or bike trail.
There is a significant increase in the positive correlation of high quality built environment
for cycling, including being close to parks and having access to bike lanes, and bike share
ridership after the outbreak of COVID-19. This result further confirmed that after the
outbreak of the pandemic, people tend to use bike share around places with better biking
infrastructure, which further highlights the shift from using bike share as a way to
commute to using bike share as a way for recreation and exercise.

4.3 Weather and Temporal Variables
The meteorological and temporal factors show that although bike share was
already popular during warm weather, after the COVID-19 pandemic, people are more
willing to bike even at a higher temperature.
The coefficients of the month variables show the effect of being in one of the
months from February to December compared to the base level of January on bike share
ridership. For example, the coefficient of April is 2.913, which means that if all other
variables stay constant, a bike share station will have 2.913 more bike pick-ups on a day
in April than in January. Overall, the month variables show that compared to January,
February and December have similar bike share ridership, March to November have
higher ridership, and the highest number of ridership happen during June to September.
The effects of the meteorological factors align with the previous studies on biking
and bike share that ridership is negatively correlated with low temperature, very high
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temperature, precipitation and high wind speed. The coefficient estimate for both high
temperature (>80°F) and low temperature (<60°F) are negative, meaning that compared to
days with moderate temperatures, days that are too hot or too cold have negative effects
on the number of bike share trips before COVID-19. For example, the coefficient of high
temperature is -0.911, which means that before the outbreak of COVID-19, if all other
variables stay constant, a bike share station will have 0.911 less bike pick-up if the
temperature of the day is greater than 80°F compared to if the temperature of the day is
between 60 80°F and 80°F. However, the coefficient estimation of the interaction term
between high temperature and COVID-19 is positive, meaning that bike share became
more popular during high temperature after the outbreak of COVID-19. Although high
temperature is negatively correlated with bike share ridership during the overall study
period, the coefficient became significantly positively correlated with bike share ridership
during the pandemic. This shows that people are more willing to use bike share in a
larger range of temperature during the pandemic.

5 Conclusion and Discussion
In this thesis, I answered the research questions of how Philadelphia Indego bike
share ridership has changed before and after the COVID-19 outbreak. By visualizing
spatial and temporal trends, I found three major changes of bike share trips before and
after the COVID-19 outbreak: 1) increased popularity in warmer weather, 2) increased
trip duration, and 3) fewer trips during commuting time and in the central business area.
These trends align with each other in forming a hypothesis that the purpose of bike share
usage has shifted from commuting to recreation since the start of the pandemic. To
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further test out the hypothesis and better understand the determinants of bike share
ridership before and after the COVID-19 outbreak, I constructed two multilevel mixedeffect linear regression models, one for trip generation and one for trip attraction, to
understand how meteorological, temporal, demographic and built environment factors
affect bike share ridership. Both models show an increased popularity of bike share in
warm weather, an increased positive effect in having access to bike infrastructure and
parks, and a shift from dense employment areas to residential areas. These findings align
with trends found in the previous study of bike share usage change during the pandemic
in New York City where a change to longer trips and more recreational trips with fewer
work-related trips were found (Wang and Noland, 2021).
Besides confirming a similar shift in bike share usage trends in Philadelphia and
New York City, this research also found changes in key determinants of bike share
ridership. From the results of this study, we can conclude the following three key
takeaways:
1. Trip purpose has shifted from commuting-related to residential and recreational
trips.
2. Bike share gained more popularity during warm weather and became more
acceptable in a larger range of temperatures.
3. Bike-friendly infrastructure became more important than before in determining
bike share ridership.
In December 2020, Indego bike share announced that the city of Philadelphia had
awarded them a ten-year concessionaire contract to continue operating the bike share
system and the operator has planned to expand rapidly in the next five years, increasing
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the number of bikes to 3,500 and doubling the number of bike share stations (Indego,
2020). Therefore, for planners and bike share operators to better promote biking as a
healthy and sustainable mode of transportation, I propose two policy recommendations
based on the result of this study: 1) Future bike share expansion should accommodate the
increasing need of recreational biking. 2) Biking infrastructure and policies that
encourage active transportation should be planned and implemented together with the
expansion of bike share stations.
During the pandemic, with many people starting to practice social distancing,
working from home and the limited availability of entertainment activities, this study
shows that bike share has shifted from serving the commuters to serving the residents for
recreation. When planning for biking infrastructure expansion, focusing on dense
residential areas, parks and areas with high quality bike lanes would accommodate more
needs and attract more people to bike. Furthermore, this study also shows that, after the
outbreak of the pandemic, bike infrastructure became even more positively correlated
with bike share ridership. This reflects that biking should not only be a transportation
mode for taking people to their desired destinations, but a safe, convenient and enjoyable
experience that people want to pursue. Having better biking infrastructure and building
on the measures implemented in 2020 including car-free streets, shared streets and offroad greenways, will be crucial to attract more people to use bike share. There are many
good reasons for cities to promote bike share, including increasing accessibility to
services, benefiting the environment and public health (Bullock et al., 2017; Babagoli,
2019).
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With COVID-19 cases still increasing and people’s concerns for the effectiveness
of COVID vaccines still lingering, we are unsure when our lives will be able to go back
to normal or if we will have to adapt to a new norm. A recent study also indicates that
because more cyclists have developed new habits with cycling and that people are still
afraid of riding crowded mass public transit, the increase in cycling during the COVID19 pandemic will persist over the coming years (Buehler and Pucher, 2021). Therefore,
cities should be prepared for accommodating people’s new traveling needs and habits. In
an unpredictable era like today, bike share shows its resiliency and versatility compared
to other modes of public transportation on top of its sustainability and public health
benefits.
This research found an increasing recreational use of bike share after the outbreak
of COVID-19 and increasing importance of having access to biking infrastructure. These
results could serve as a foundation for future research. Future studies can utilize surveys
to better understand the reasons for people to choose bike share or not during the
COVID-19 pandemic and how people feel about using bike share in the future. Although
data and regression analysis provide us with key information on correlation between
various factors and bike share ridership, surveys and interviews can provide deeper
understanding of people’s concerns and expectation of bike share usage and traveling in
the future. Another angle to expand the body of literature is looking at case studies in
more cities around the world. Since bike share usage varies by geographic and social
environment, future studies on other cities’ bike share systems should be conducted to
increase the diversity of cases, finding potential overarching patterns and providing
concrete suggestions for each city to better accommodate residents’ traveling needs. As
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for cities looking into establishing and expanding a bike share system to accommodate
the emerging needs after the outbreak of the pandemic, having a richer collection of case
comparisons would be invaluable.
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Appendix 1: Descriptive Analysis of Variables in the Trip Attraction Model
Variable

Min

Median

Max

Count

Temperature (°F)

11.60

59.10

91.00

Low: 37159
Medium: 50379
High: 9089

Precipitation (mm)

0.00

0.00

3.96

Wind Speed (km/h)

3.90

12.20

32.20

Month

1: 7706
2: 7115
3: 7843
4: 7782
5: 8217
6: 871
7: 8383
8: 8417
9: 8286
10: 8599
11: 8199
12: 8009

Population
Density

0.0

395.0

4577.1

Job
Density

17.82

386.55

8274.86

Black Population Percent 0.0352

0.1310

0.9711

Income less than 10k
Percent

0.0166

0.0907

0.3689

Age 15 to 54 Percent

0.4499

0.6689

0.9533

No Vehicle Percent

0.0741

0.4275

0.7542

Graduate Degree Percent

0.0086

0.2404

0.4126

Distance to CBD (m)

111.2

1986.6

7071.9

Near Park
Bike Network Length
(ft)

1: 7341
0: 89286
0

3532

7570
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Appendix 2: Regression Result of Final Trip Attraction Model
Trip Attraction Model (Final Model)
Variable

Variable * COVID
Estimate

t-value

Estimate

t-value

Intercept

17.588

2.013

***

-

During Covid

-5.431

0.220

***

-

High

-0.873

0.164

***

1.150

0.209

***

Low

-3.775

0.127

***

-1.109

0.136

***

Precipitation

-4.708

0.127

***

-

Wind Speed

-0.033

0.007

***

-

February

0.239

0.145

*

-

March

1.303

0.145

***

-

April

2.987

0.157

***

-

May

6.149

0.167

***

-

June

9.935

0.185

***

-

July

9.861

0.196

***

-

August

10.625

0.187

***

-

September

10.674

0.182

***

-

October

8.294

0.158

***

-

November

5.325

0.148

***

-

December

0.125

0.149

-

Population density

0.414

2.312

3.238

0.239

***

Job density

5.314

2.309

-2.064

0.267

***

Temperature

Month
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**

Distance to CBD

-3.723

0.496

***

0.765

0.052

***

Near park

3.953

2.171

*

6.897

0.227

***

Bike lane length

0.659

0.339

***

0.491

0.035

***

Observations

96,627

Log Likelihood

-347,765.300

Akaike Inf. Crit.

695,592.600

Bayesian Inf. Crit.

695,886.500

Note: *p<0.1; **p<0.5; ***p<0.01
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Appendix 3: Regression Result of Full Trip Generation Model
Trip Generation Model (Full Model)
Variable

Variable * COVID
Estimate

t-value

Estimate

t-value

Intercept

8.875

8.067

-

During Covid

-4.631

0.223

***

-

High

-0.924

0.166

***

1.173

0.211

***

Low

-3.810

0.128

***

-1.142

0.137

***

Precipitation

-4.795

0.081

***

-

Wind Speed

-0.034

0.007

***

-

February

0.208

0.145

March

1.232

0.143

***

-

April

2.912

0.158

***

-

May

6.124

0.169

***

-

June

10.031

0.187

***

-

July

9.942

0.198

***

-

August

10.769

0.188

***

-

September

10.839

0.183

***

-

October

8.367

0.159

***

-

November

5.338

0.149

***

-

December

0.120

0.150

-

Population density

2.517

2.380

3.617

0.245

***

Job density

4.771

2.384

-2.511

0.274

***

Temperature

Month

47

-

**

% Black population

-6.444

4.254

-

% Income < 10k

-15.353

18.241

-

% No Vehicle

11.706

7.099

% Graduate Degree

13.016

13.686

-

% age 15 to 54

1.879

8.556

-

Distance to CBD

-1.765

0.793

Near park

3.304

2.235

Bike lane length

0.299

0.475

Observations

95,963

Log Likelihood

-345,928.000

Akaike Inf. Crit.

691,927.900

Bayesian Inf. Crit.

692,268.900

Note: *p<0.1; **p<0.5; ***p<0.01

48

*

**

***

-

0.459

0.056

***

6.881

0.226

***

0.480

0.035

***

Appendix 4: Regression Result of Full Trip Attraction Model
Trip Attraction Model (Full Model)
Variable

Variable * COVID
Estimate

t-value

Estimate

t-value

Intercept

11.295

8.093

-

During Covid

-5.231

0.223

***

-

High

-0.881

0.166

***

1.151

0.210

***

Low

-3.809

0.128

***

-1.010

0.981

***

Precipitation

-4.739

0.081

***

-

Wind Speed

-0.034

0.007

***

-

February

0.239

0.146

March

1.289

0.143

***

-

April

2.982

0.158

***

-

May

6.160

0.169

***

-

June

10.003

0.187

***

-

July

9.916

0.198

***

-

August

10.687

0.188

***

-

September

10.741

0.183

***

-

October

8.343

0.159

***

-

November

5.338

0.149

***

-

December

0.103

0.150

-

Population density

2.274

2.386

4.130

0.245

***

Job density

5.252

2.382

-3.007

0.273

***

Temperature

Month

49

-

**

% Black population

-7.777

4.303

-

% Income < 10k

-19.815

18.232

-

% No Vehicle

13.455

7.095

% Graduate Degree

10.857

13.675

-

% age 15 to 54

0.709

8.600

-

Distance to CBD

-1.801

0.792

Near park

3.325

2.233

Bike lane length

0.240

0.475

Observations

95,630

Log Likelihood

-344,411.900

Akaike Inf. Crit.

688,895.900

Bayesian Inf. Crit.

689,236.700

Note: *p<0.1; **p<0.5; ***p<0.01
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*

**

***

-

0.629

0.056

***

7.056

0.228

***

0.505

0.035

***

